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Urban and metropolitan areas have grown significantly during the 21st century. With more than
50% of the global population living in cities, they are uniquely susceptible to high temperatures,
poor air quality, and increases in peak storm water runoff during inclement weather; however,
urban and metropolitan areas often have significant forest resources that can greatly ameliorate
these factors. To maintain urban forests and maximize their benefits, tree surveys are often
performed requiring extensive fieldwork. However, automatable techniques using LiDAR data
and aerial orthoimagery have the potential to provide similar metrics over larger areas, more
rapidly, and at lower cost. This study sought to develop a method to accurately and efficiently
estimate tree height and stem diameters of roadside trees using tools readily available to
geographic information system (GIS) operators. Incorporating two prior parkway tree surveys for
the City of DeKalb as a starting point, I repaired and updated an urban tree database using
orthoimagery, utilized LiDAR to estimate heights of new and existing trees, and estimated
diameters using allometric equations. Results suggest that LiDAR can reasonably estimate tree
height in an urban environment (R2 = 0.80; RMSE = 3.36 m) and further utilize those estimates to

predict diameter at breast height (dbh) using a simple regression (R2 = 0.85; RMSE = 0.13 m)
derived from a sample of approximately 1,000 trees.
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1.0 INTRODUCTION
Urban and metropolitan areas have grown significantly during the 21st century. As of
2010, 80.7% of the United States (U.S.) population lived within urban areas classified as having
≥50,000 residents (US Census). As population growth continues to extend outside urban and
metropolitan areas, urban expansion will place increased stress on forest resources (i.e. those
with exceptional scenic or recreational value) while continuing to expose urban residents to high
temperatures, poor air quality, and increases in peak storm water runoff during inclement
weather (Dwyer et al., 2003). However, urban and metropolitan areas often have significant
forest resources that can greatly reduce these factors and improve the overall quality of life. In
addition to being aesthetically pleasing, trees provide valuable ecosystem services such as air
purification, storm water runoff reduction, microclimate stabilization, and reduction in noise and
air pollution (McPherson, 2006; Nowak and Dwyer, 2007; Santamouris, 2014).

Although urban forests provide many beneficial services to city residents, humans must
regularly modify this environment to meet their functional needs. This makes urban forests
uniquely susceptible to land modification and vegetative change (Dwyer et al., 2003). As such,
effective management is needed to maximize the benefits of urban forests and maintain their
longevity and sustainability. To accomplish this, traditional surveys are periodically performed
where individuals must physically obtain tree data to determine the structure and composition of
an urban forest. This provides valuable information to city planners regarding tree health, species

2

composition, and spatial distribution. However, traditional methods require large amounts of
time, money, and labor, and are therefore problematic for cities with limited resources. Field
survey-based methods are also subject to field error and inaccuracy, observer interaction,
instrument limitations, and site condition (Hopkinson et al., 2004).

Since the 1980s, alternative methods such as Light Detection and Ranging (LiDAR)
techniques have been extensively used to measure natural tree stands in relatively homogenous
environments. In recent years LiDAR has been applied to urban forests (e.g. Alonzo et al., 2014;
Tanhuanpaa et al., 2014; Plowright et al., 2015). Unfortunately, this has been a slow progression,
as urban forests are highly variable environments with a variety of species, ages, health
conditions, and arrangements. Accordingly, there is still a demand for a highly accurate process
that can be utilized by cities as a supplemental tool to traditional surveys. Current research
involving the use of automatable techniques that fuse LiDAR data with aerial orthoimagery has
the potential to provide similar tree metrics over larger areas, more rapidly, and at lower cost.

1.1 Objectives
The purpose of this study is to develop an easily implementable and accurate algorithm to
estimate tree height of urban street trees using airborne LiDAR, and to use those estimates to
drive predictions of tree diameter. Overall I sought to streamline the laborious process of urban
tree surveying for management purposes using remote sensing tools readily available to GIS
operators. This study demonstrates that LiDAR derived height values can be paired with
allometric equations and used to reasonably predict urban forest metrics. Although previous
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studies have successfully utilized LiDAR to model urban tree metrics, this study seeks to fill a
deficiency in the literature by focusing solely on the use of LiDAR to predict urban tree height.
Hopefully the easily implementable algorithm developed in this study will be utilized by city
managers in similar urban environments to supplement the physical requirements of a manual
tree survey.

2.0 LITERATURE REVIEW
“Forest” is a term used in the literature to refer to a variety of environments containing
tree cover. Countries have generally defined forests for a range of national and international
purposes that typically fall into three categories: administrative, land use, and land cover (Noble
et al., 2000). Kimmins (2004) refers to a forest as a complex arrangement of biological and
physical systems with variation, interaction, and interdependence among the different parts.
Forests can also be categorized as either natural or urban, where an urban forest refers to all trees
located in a city, a small woodlot, green space, urban park, or roadside trees. Nowak et al. (2001)
refers to an urban forest as all publicly and privately owned trees in an urban area. For the
purposes of this paper, natural forest will refer to a large contiguous parcels of land, primarily
dominated by conifer and/or deciduous tree species, residing outside urban and metropolitan
areas. Urban forest will refer to all trees residing within urban areas. However, this study chose
to focus on all roadside trees residing within a city’s dedicated right of way 1 (ROW).

1

Right of way is the legal right, established by usage or grant, to pass along a specific route through grounds or
property belonging to another. Right of ways are typically 66 feet wide and generally extend from the edge of a
sidewalk to the center line of the adjacent road.

5

2.1 Urban Forests
Urban forests are unique environments with respect to structure and composition. While
natural forests are often composed of stands with relatively uniform characteristics, the urban
forest frequently consists of isolated trees or clumps of trees that form a mixture of different
ages, species, and health conditions (Xiao et al., 2004; Zhang and Qui, 2012). Urban landscapes
form a complex variety of different habitat types characterized by fluctuating climatic
conditions, water and nutrient fluxes (Wilby and Perry, 2006), and hydrology (Nowak and
Dwyer, 2007). Many non-native and ornamental species have also been introduced into the urban
ecosystem for their aesthetics. Furthermore, the urban forest is a continuum of soil conditions
ranging from sites that are well drained, and support root growth, to sites with compact soil that
do not allow for root penetration or drainage (Urban, 1992). There is also a wide range of land
uses, ownership, management objectives, microclimates, wildlife, buildings, and infrastructure,
which serve as a catalyst for urban forest diversity (Dwyer et al., 2003).

In an urban setting, trees provide valuable ecosystem services and health benefits. Urban
forests purify the air through the absorption of pollutants such as ozone, nitric acid vapor,
nitrogen dioxide, ammonia, sulfur dioxide, and other particles (McPherson, 2006). They
sequester carbon dioxide in woody biomass (McPherson, 2006) and stabilize the microclimate by
mitigating the urban heat island effect (Santamouris, 2014). As such, trees cool urban
microclimates by either direct shading and/or evapotranspirational cooling (Oke et al., 1989). Air
temperatures within large parks can range 2–3 °C lower than in surrounding built-up urban areas
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(Tyrväinen et al., 2005). Urban forests also stabilize hydrology by decreasing peak storm water
flow during high intensity rainfall, increasing rainwater infiltration into open soil under the
canopy, increasing water storage capacity of soils, reducing rainfall impact on soil, and reducing
runoff (Nowak and Dwyer, 2007). Additionally, open spaces and pervious surfaces covered by
trees allow for expedited groundwater recharge (Bolund and Hunhammar, 1999; Tyrväinen et al.,
2005).

Urban forests also provide many physiological and emotional benefits to humans. Ulrich
et al. (1991) noted that visually experiencing a natural setting could reduce stress by alleviating
muscle tension, blood pressure, and electrical brain activity, within minutes of exposure to green
environments. Parsons et al. (1998) found that viewing or visiting natural environments after
especially stressful or mentally fatiguing situations, produced greater physiological responses
toward relaxation and encouraged faster recovery of attention-demanding cognitive
performances. De Vries et al. (2003) found people living in places with more green space were
more likely to live healthier lifestyles. Moreover, urban green spaces can re-establish a
connection with nature (Barbosa et al., 2007), provide solace and security (Schroeder, 1991),
empower inner city residents with a sense of community ownership through urban forestry
improvement programs (Westphal, 2003), and improve and/or facilitate positive social
interaction with neighborhood members through increased outdoor recreation (Kweon et al.,
1998).

7

2.2 Urban Forest Management
Effective management can be used as a valuable tool to ensure the longevity of urban
forest resources and capitalize on the services they provide to the public (American Public
Works Association, 2011). To effectively manage an urban forest, periodic surveys are needed to
assess species composition and age structure. This is often performed using manual surveys
where individuals must physically obtain tree data including dbh measurements, species
identification, height, and in some instances tree cores to determine age (Nowak et al., 2002a;
Nowak et al., 2008; American Public Works, 2011). This provides valuable information to city
planners that can be used to determine the compensatory value of urban forests (Nowak et al.,
2002b) or serve as a valuable resource in the event of a pest/pathogen outbreak.

Urban environments, with extensive park systems and ample green space (outside a
ROW), can attribute their surveying methods and design to a variety of sampling techniques
frequently applied to natural forests. Traditional plot-based methods designed to quantify natural
forest structure and composition usually begin by establishing one or more quadrats that are
placed in areas representative of the community (Mitchell, 2010). Allen (1993) indicates
permanent plots are most useful for determining vegetation response to animal disturbance,
monitoring canopy dieback, describing composition and variation, quantifying changes in forest
light levels, and developing forest models; however, it is less useful for monitoring species of
low density. Alternatively, plotless methods measure the distances and characteristics of
randomly sampled trees, usually along a transect, and are faster than a standard plot-based
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design, are more efficient, and require less equipment and labor (Mitchell, 2010). Although dbh,
age, and species are important variables for either sampling method, tree height remains one of
the most fundamental units of information obtained in a forestry survey and a critical element of
the quantitative assessment of forest biomass, tree growth, carbon stocks, and site
quality/productivity (Anderson et al., 2006).

Foresters have long sought an accurate and efficient method of measuring tree height in
dense stands with low error. Several methods have been used to measure stand height including:
photogrammetric height measurements from aerial imagery (Baltsavias, 1999), the use of height
poles, indirect measurements using ground angles with a clinometer and measuring tape, and
handheld laser rangefinders (Wing et al., 2004; West, 2009). The most precise way of
quantifying forest height would be to survey every tree, however, traditional height
measurements require large amounts of time, money, and labor, and are often limited by
accessibility. Consequently, tree height is one of the most difficult and time consuming attributes
to obtain in a forest inventory.

In order to utilize the previously mentioned survey methods to quantify forest structure
and composition, one must assume the trees have been randomly distributed throughout a stand
(Morisita, 1954). This proves especially problematic in urban forests where trees are often
intentionally placed for a specific function. Several educational and management tools have been
made publically available to aid in the assessment of urban forests, however, most of these tools
attempt to engage urban residents in tree identification, ecosystem service awareness, and pest
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prevention rather than being utilized for surveying purposes (Utah State University’s Tree
Browser 2, Cal Poly’s Urban Forest Ecosystems Institute 3; US Forest Service Urban Ecosystem
and Social Dynamic Program 4 Urban Forestry South 5). Alternatively, the USDA Forest Service
i-Tree 6 software suite is a downloadable package consisting of 10 computer modules that allow
the user to measure a variety of tree variables. Of the 10 i-Tree modules, i-Tree Eco is an
adaptation of The Urban Forest Effects (UFORE) model, created by Nowak and Crane (2000),
that has been used to assess urban forest structure, function, and value in over 50 cities globally
(Nowak et al., 2008). For a current listing of cities with UFORE application visit the USDA
Urban Forest Data 7.

2.3 Light Detection and Ranging
Remote sensing has also been used as a management tool to gather information on forest
attributes, and one of the most powerful of these tools is LiDAR. LiDAR is an active remote
sensing application that combines a laser scanner, inertial measurement unit (IMU), and global

2

http://treebrowser.org/

3

http://ufei.calpoly.edu/index.lasso

4

http://www.fs.fed.us/psw/programs/uesd/uep/

5

http://www.urbanforestrysouth.org/

6

http://www.itreetools.org/

7

http://www.nrs.fs.fed.us/data/urban/
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positioning device (GPS), to measure the distance between a target and a sensor using pulses of
light (Vosselman and Mass, 2010). This is accomplished by calculating the amount of time the
emitted laser takes to travel to a target by means of pulsed or continuous ranging. Pulsed ranging,
the principle method used today (Lim et al., 2003b), measures the round-trip travel time from the
laser pulse to the target and back; alternatively, continuous ranging, measures the phase change
between the transmitted and return signals (Wehr and Lohr, 1999; Mallet and Bretar, 2009;
Vosselman and Maas, 2010). Pulsed LiDAR systems can further be categorized as either discrete
or full waveform units and differ with respect to how they sample horizontal and vertical data.
Discrete systems identify an object by receiving a return signal(s), retention times, and heights of
major object peaks; full waveform scanners sense and record the energy returned to a sensor for
a series of equal time intervals and capture the entire signal (Lim et al., 2003b; Mallet and Bretar,
2009). Although full waveform LiDAR contains greater detail, it is less utilized due to data size,
expense, and availability (Lefsky et al., 2002).

LiDAR units have also been designed for a variety of applications in airborne and
terrestrial environments. For airborne applications, units are typically attached to either a fixed
wing aircraft or helicopter and vertical and horizontal data is obtained. Airborne LiDAR can be
used to harvest large amounts of reliable data on forest metrics that can later be used to extract
tree height (Kwak et al., 2007), however, image gaps may exist when lasers are unable to fully
penetrate dense canopies (Omasa et al., 2008). Furthermore, airborne LiDAR typically has lower
resolution than terrestrial LiDAR due to flight height requirements and point density; field data
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has also shown airborne LiDAR has a tendency to slightly underestimate tree height (Naesset,
1997; Gaveau and Hill, 2003; Maltamo et al., 2004).

Terrestrial scanners can be utilized for either stationary or mobile applications. For
stationary scanning, a unit is mounted on a fixed object (i.e., tripod) and most often used in small
area surveys needing high density scans. Alternatively, mobile terrestrial LiDAR, which is
essentially a modification of a stationary unit, contains a scanner, GPS, and IMU, and can be
mounted to the top of a vehicle or other data harvester (Holopainen et al., 2013). Terrestrial units
have the ability to fill in gaps below canopies where airborne LiDAR may have missed, yet, it is
unable to fully capture portions above the canopy (Omasa et.al, 2008). Terrestrial scanners have
the capacity to acquire more point data with higher resolution although computing requirements
are increased. Mobile terrestrial LiDAR has similar constraints as stationary, however, changing
point densities and various scanning geometries make mobile LiDAR processing more complex
(Holopainen et al., 2013).

Following a scan, raw LiDAR data is stored in a three dimensional (3-D), georeferenced,
high volume point cloud, where object information can later be extracted through data filtering
(Lee et al., 2008). Common data filtering derivatives include Digital Terrain Models (DTM),
Digital Surface Models (DSM), and Digital Canopy Height Models (CHM) (Vosselman and
Mass, 2010). DTMs are often generated by retaining either last pulse returns or interpolating
ground returns from last returns; alternatively, DSMs retain first returns and CHMs are produced
by subtracting the DTM from the DSM. These products can then be used to extract forest
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attributes such as tree height, sub-canopy topography, basal area, dbh, biomass, stem location,
and timber volume (Naesset, 1997; Hopkinson et al., 2004; Edson and Wing, 2011).

2.4 LiDAR Applications in Natural Forests
Numerous studies have revealed a high correlation between tree metrics measured in the
field and LiDAR derived height measurements (see Table 1). Nelson et al. (1984), Nilsson
(1996), and Naesset (1997) were among the first cohort of individuals to extract tree metrics
from conifers using a laser scanner. Persson et al. (2002) sought to assess the accuracy of tree
height, crown diameter, and stem diameter estimates, while also evaluating individual tree
detection, in a Swedish forest primarily dominated by spruce, pine, and birch. Tree height was
estimated for 135 trees by extracting the maximum laser height above the ground surface, which
produced a RMSE of 0.63 meters. Maltamo et al. (2004) used LiDAR to sample a naturally
regenerating, multilayer stand, in southern Finland also dominated by spruce, pine, and birch
species in a 50 ha forest reserve. Non-ground points were first separated and classified using a
method developed by the Finnish Geodetic Institute based on the Ruppert et al. (2000) algorithm
(Maltamo et al., 2004). Tree heights were extracted from a LiDAR point cloud and compared to
field measurement (R2 = 0.93) by generating a DTM from classified ground points and
subtracting them from the highest value of all laser hits within each pixel (i.e., a DSM).

Table 1
Summary of Previous LiDAR Studies
Reference

Location

Nilsson 1996
Naesset 1997

Sweden
Norway

Persson et al. 2002

Sweden

Lim et al. 2003a

Ontario

Maltamo et al. 2004

Finland

Anderson et al. 2006

Northwest US

Yu et al. 2006

Finland

Omasa et al. 2008

Tokyo

Dominant
tree type
Conifer
Conifer
Conifer and
deciduous
Deciduous
Conifer and
deciduous
Conifer
Conifer and
deciduous
Conifer and
deciduous

Laser pulse
density
–
–
–
3-5 points/m2

Laser footprint
diameter
0.75 - 3.0 m
0.13 - 0.16 m
0.26, 0.52, 1.04, 2.08,
and 3.68 m.
0.20 m

10 points/m2
–

–
0.33 m; 0.8 m

10 points/m2
–

–
0.30 m

Calculated error between LiDAR and field
height measurements
Mean height underestimation of 2.0 – 4.0 m
Mean height underestimation of 4.1 – 5.5 m
RMSE = 0.63 m
R2 = 0.86; Residual SE = 0.09
R2 = 0.93 for Scot pine, 0.98 for Norway
spruce, and 0.83 for birch
Overall mean error = -0.27 ± 0.27 m (mean ±
SD)
R2 = 0.68; RMSE = 0.43 m
Mean error = -0.14 m; RMSE = 0.30 m

–

-0.09 m (SD 1.07 m) – FUSION, 0.28 m (SD
1.86) – TreeVaW, and 0.22 m (SD 2.45) –
watershed (mature forest plots); 0.56 m (SD
1.07 m), 0.28 m (SD 1.69 m), and 1.17 m (SD
0.68 m) for a plot containing younger trees.

Edson and Wing 2011

Northwest US

Conifer and
deciduous

10 points/m2
(first); 1.12
points/m2
(ground)

Yu et al. 2011

Finland

Conifer

2.6 points/m2
(avg.)

–

R2 = 0.93; RMSE = 0.46 m

Shrestha and Wynne 2012

Southern US

8 points/m2

–

R2 = 0.89

Tanhuanpaa et al. 2014

Finland

20 points/ m2

–

Unger et al. 2014

Southeast US

RMSE = 1.27 m
RMSE of 5.82 m (Tiffs); RMSE of 6.46 m
(Lidar Analysis)

–

R2 = 0.71

–

R2 = 0.93/0.98; RMSE = 1.11/0.57 m

Bandyopadhyay et al.
2015
Zhang and Qui 2015

Northeastern US
Southern US

Conifer and
deciduous
Deciduous
Conifer and
deciduous
–
Conifer

–
150 kHz at 1500
m
3.5 points/m2

0.40 m
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Subsequent studies have also used LiDAR to extract tree metrics in boreal forests. Yu et
al. (2006) sought to examine the capability of LiDAR at detecting vegetative change (19982003) in a spruce, pine, and birch forest. Tree height measurements were taken in the field using
a tacheometer, TerraScan 8 software was used to classify ground points, and three types of
features were extracted from a LiDAR point cloud to compare change. The authors found the
highest z value features from the 1998 and 2003 datasets were the greatest measure of change
with an R2 of 0.68. An additional study by Yu et al. (2011) focused on individual tree detection
of stands dominated primarily by Scots pine and Norway spruce using a random forest technique
for predicting tree height, dbh, and biomass.

Multiple studies based in North America have quantified the relationship between field
measurements and LiDAR height measurements in natural forests. Lim et al. (2003a) used small
footprint LiDAR, with a point density of 3-5 points/m2, to estimate the biophysical properties of
a hardwood forest in Ontario predominantly composed of sugar maple and yellow birch. To
establish a ground reference, the authors interpolated “ground last” returns using an inverse
distance weighted technique. A DTM was then subtracted from the combined vegetation zvalues (ground first, vegetation last, and vegetation first = DSM) and used to obtain height
measurements. All LiDAR data was processed using Optech REALM 2.27 9 software. Anderson

8

http://www.terrasolid.com/home.php

9

http://www.teledyneoptech.com/
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et al. (2006) performed an error assessment of LiDAR height measurements for Douglas fir and
ponderosa pine stands in a Washington state natural forest. The authors evaluated the effect that
LiDAR beam divergence had on tree height detection error when comparing LiDAR height
measurements with total station survey measurements. A DTM was generated using the authors’
adaptation of Kraus and Pfeifers (1998) data filtering method while tree heights were extracted
using FUSION 10 software; DTM elevation was subtracted from the highest elevation point for
each tree.

Edson and Wing (2011) tested LiDAR’s ability to detect tree height and quantify woody
vegetation below the canopy of individual trees in an Oregon State research center dominated by
Douglas-fir, grand-fir, and bigleaf maple. The authors defined the characteristics of vegetation
often missed by LiDAR and the accuracy of LiDAR at predicting tree height, determining tree
location, and estimating biomass. LiDAR processing was performed by comparing three
algorithms: watershed segmentation, TreeVaW, and FUSION to derive CHMs. The authors used
ArcGIS to conduct watershed segmentation, ENVI for TreeVaW, and FUSION software version
2.70.

Unger et al. (2014) compared LiDAR derived tree height estimates to field height
measurements at Barksdale Air Force Base in Louisiana, a 17,600 acre site composed of both
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http://forsys.cfr.washington.edu/JFSP06/lidar_&_ifsar_tools.htm
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hardwood and conifer species. The overall goal of this study was to assess the accuracy of two
proprietary LiDAR processing software packages at predicting tree height: Toolbox for LiDAR
Data filtering and Forest Studies 11 (Tiffs) and LiDAR Analysis (ArcGIS Desktop). The results
indicated that Tiffs was better at deriving average tree height (RMSE = 5.82 m) over LiDAR
Analysis (RMSE = 6.46 meter).

Other LiDAR studies, such as Hopkinson et al. (2004) presented an evaluation of ground
based LiDAR scanning systems that use semiautomatic tree height and dbh measurements for
plot level volume estimation and tree detection. For this study, two plots were selected in
southern Ontario: a mature red pine plantation and an uneven-aged stand dominated by sugar
maple. Tree location, height, and dbh were extracted from a LiDAR point cloud using
Polyworks 12 software. Kwak et al. (2007), sought to estimate tree heights and delineate Korean
Pine, Japanese Larch, and Oak species in a ~80 ha private forest, located in South Korea, using
two morphological image-analysis methods. Initial points were classified into four categories
using TerraScan software: ground return, low vegetation return, medium vegetation return, and
high vegetation. A CHM was generated and the extended morphological image-analysis method
was applied. Both the DSM and DTM were generated with a triangulated irregular network

11

http://www.globalidar.com/Pages/default.aspx

12

http://www.innovmetric.com/en/products-overview
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(TIN) using ArcGIS. Watershed segmentation was used for subsequent delineation of individual
trees.

Moreover, multiple studies have utilized LiDAR to differentiate individual tree species.
Holmgren and Persson (2004) used LiDAR, with a 0.26 m footprint, to extract height values and
discriminate between Scots pine and Norway spruce in Sweden. Results indicated a high
correlation between field measured tree heights and LiDAR derived heights (R = 0.84; RMSE =
2.82 m) with an overall classification accuracy of 95%. The authors note that crown base height
was overestimated by 0.75 meters. Brandtberg (2007) attempted to improve species classification
accuracy of trees under leaf off and leaf on conditions using small footprint high density LiDAR.
The authors replaced the maximum first return method with a prediction method based on tree
shape and marginal point cloud height distribution for individual tree first returns that raised
classification accuracy from 60% to 64%. Orka et al. (2009) used LiDAR to examine the
structural differences between coniferous and deciduous species that could improve overall
species classification. This study was performed in a forest reserve outside Oslo, Norway
primarily dominated by Norway spruce, birch, and aspen, and produced an overall classification
accuracy of 88%.

The aforementioned studies have revealed a high correlation between tree measurements
obtained in the field and those derived from LiDAR. In a natural forest, complete surveys
involving tree height were often limited to what was visible from the ground, and therefore, an
accurate representation of mean tree height was difficult to achieve. As such, LiDAR has shown
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to be an effective management tool used to quantify a variety of forest metrics in a conventional
setting. Because of LIDAR’s versatility in natural forests, its effectiveness at obtaining tree
measurements has also been applied to urban environments.

2.5 LiDAR Applications in Urban Forests
An urban forest is a heterogeneous matrix of isolated or clumped trees consisting of
various ages, health conditions, species, heights, and crown dimensions (Zhang and Qui, 2012);
moreover, there is a anthropocentric component to the urban forest not found in natural forest.
This proves challenging from a remote sensing standpoint, as urban forest structure and
composition vary considerably when compared to relatively uniform stands (Fig. 1). To assess
urban forests, surveys are periodically needed to gauge their health, value, composition, and
productivity. Due to the size, scale, and complexity of this task, researchers have explored the
use of LiDAR to expedite this process.
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Figure 1.
Tree morphology in urban forests can be quite different than those found in
natural forests, as illustrated by this tree that has been trimmed to meet utility line clearance.

Several studies have focused on combining both airborne and terrestrial LiDAR to better
detect urban tree metrics. Omasa et al. (2008) quantified tree height, dbh, and canopy diameter of
166 conifer and broadleaved trees in an urban park in Tokyo. The authors sought to highlight the
capabilities and limitations of both terrestrial and airborne LiDAR for 3D modeling purposes and
extraction of tree metrics. Holopaninen et al. (2011) evaluated the accuracy and efficiency of
mobile-terrestrial LiDAR at estimating tree location and dbh in Helsinki, Finland’s urban
recreational area of Seurassri – a site composition of widely spaced old oaks and an unmanaged
natural park forest with understory vegetation. The authors found mobile terrestrial LiDAR had a
tree detection rate of 97.7% in the park and 68.2% in the forest; alternatively, estimates of dbh
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had a RMSE of 0.02 m in the park and forest. Holopaninen et al. (2013) also selected Seurassri as
a study site, however, they sought to evaluate the accuracy and effectiveness of airborne,
terrestrial, and mobile LiDAR scanning systems in an urban environment. Saarinen et al. (2014)
combined airborne and terrestrial LiDAR to map and measure tree variables in Seurasaari. Their
objectives were to test the estimation accuracy of LiDAR using an existing multisource singletree inventory to produce new tree attributes, such as dbh, height, and crown diameter, for the
city. Tree detection and location measurements were processed manually using TerraScan while
crown segmentation was performed using watershed segmentation. The authors found that dbh
predictions were more accurate in a park environment (RMSE = 0.40 to 0.71 m) compared to a
forested area (RMSE = 0.69 to 0.76 meter).

Tanhuanpaa et al. (2014) examined the use of airborne LiDAR for detecting road side
tree metrics in Helsinki, Finland. The authors sought to establish what portion of trees, from an
existing urban register, could be found automatically, and with what accuracy; and second, to
determine the overall accuracy of dbh detection. Four LiDAR scans were used that maintained a
minimum point density of 20 points/m2. Results indicated that 88.8% of trees could be
successfully detected using the authors’ automatable process and that dbh and height could be
estimated with an overall RMSE of 6.9 cm and 1.27 meters, respectively. A study by
Bandyopadhyay et al. (2015) sought to delineate individual trees, extract tree attributes, and
estimate biomass using discrete LiDAR in the urban region of Rochester, New York. LiDAR
height estimations produced an R2 of 0.71. Zhang et al. (2015) tested new processing methods
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that could improve upon urban tree detection and better estimate tree metrics from a LiDAR
point cloud. Their study site consisted of a “typical urban area” in Dallas composed of a
heterogeneous mixture of trees, buildings, and topography. Existing site data from Zhang and
Qiu (2012) was used for delineation purposes while 144 new tree heights were measured using a
TruPulse Laser Range Finder. Results indicated that tree height could be reasonably predicted by
LiDAR with low error (RMSE of 1.1 m and an R2 of 0.93). Furthermore, after eliminating
outliers from the linear regression, the authors were able to improve upon their results (RMSE =
0.57 m; R2 = 0.98).

2.6 LiDAR Fusion
“Fusion” is a term commonly used in the remote sensing community to refer to the
joining of one or more of the following data: multispectral/hyperspectral imagery, orthographic
imagery, and/or LiDAR. Many studies utilize these methods to either increase detection accuracy
and/or decrease the limitations of a singular method. For instance, Anderson et al. (2008)
integrated NASA’s AVIRIS data with NASA’s Laser Vegetation Imaging Sensor (LiDAR) to
inventory Bartlett Experimental Forest in New Hampshire. Voss and Sugumaran (2008)
combined hyperspectral imagery and LiDAR to study the impact seasonal effects have on
differentiating tree species in the urban environment of Cedar Falls, Iowa. The addition of
LiDAR to hyperspectral imagery improved classification accuracy from 48% to 57% during the
summer and 45% to 56% during the fall. Guo et al. (2011) combined multispectral data with full
waveform LiDAR to map features in an urban environment while Forzieri et al. (2013) combined
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hyperspectral, infrared, and LiDAR sensors to map natural and urban environments in
Northeastern Italy.

Zhang and Qiu (2012) combined LiDAR with hyperspectral imagery to identify tree
location and species in a Dallas urban environment consisting of different species, ages, and
health conditions. For this study, the authors used discrete, small-footprint LiDAR, to create the
DTM used to subtract LiDAR hits from bare ground (a.k.a. LiDAR data filtering). Second, a
vector based filtering technique was created that used a nearest neighborhood clustering
algorithm. Individual tree crowns were identified using a Normalized Difference Vegetation
Index and overlaid with LiDAR imagery. Points that perforated the canopy of trees were isolated
and identified by moving a square window over the study area in a non-overlapping manner and
preserving first-returns. A tree height algorithm was then applied to identify the highest point of
each individual tree and an Adaptive Gaussian Fuzzy Learning Vector Quantization (neuro-fuzzy
approach) was used to isolate large numbers of species. The authors identified tree location with
an average accuracy of 93.5% and species identification with an overall average of 68.8%.

Alonzo et al. (2014) sought to improve urban tree species detection in Santa Barbara, CA
by fusing Airborne Visible/Infrared Imaging Spectrometer (AVIRIS) imagery and high point
density LiDAR. The authors’ used full waveform last-return LiDAR, with a point density of 22
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point/m2, in their study. LAStools 13 was utilized to classify points as either ground, building, or
vegetation, and create one DTM and two CHMs (one for vegetation and one for buildings) with a
0.25 m pixel resolution. The authors detected 29 common species with an overall classification
accuracy of 83% using LiDAR-hyperspectral fusion, 79% using only hyperspectral, and 33%
using only LiDAR. Leaf type detection (broad, conifer, or palm) accuracy for the 29 common
species was 94% with LiDAR-hyperspectral fusion, 92% using only hyperspectral, and 78%
using only LiDAR. Leaf type detection for all species was 88% using LiDAR-hyperspectral
fusion, 86% using only hyperspectral, and 74% using only LiDAR.

2.7 Tree Allometry
The relationship between tree height and dbh is well documented (Fang and Bailey,
1998) and has been widely used to characterize forest structure. As such, allometry, or the
relationship between the relative size of organs or parts of an organism can also be applied to
trees. From a surveying standpoint, easily accessible dbh measurements can therefore be used to
infer information on tree height (Wycoff et al., 1982; Garman et al., 1995; Wang et al., 2006;
Sharma and Parton, 2007; Zhang et al., 2014) and above ground biomass (Tritten and Hornbeck,
1982; Pillsbury et al., 1998; Persala and Albin, 1993; Zhao et al., 2012). This relationship proves
useful when a thorough sample of stand height is not feasible – even when using a hypsometer.

13

http://rapidlasso.com/
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Therefore, several allometric equations have been developed and applied to forests globally to
obtain an accurate representation of stand height with low error. In the case of LiDAR the
height-diameter relationship (h-d) of trees can be used in the reverse fashion: relatively easy-tomeasure height measurements can be used to derive estimates of tree diameter.

According to Sharma and Parton (2007), some of the most widely used allometric
equations for forestry purposes include: Chapman–Richards (Chapman, 1961; Richards, 1959),
Weibull (Yang et al., 1978), Schnute (Schnute, 1981), exponential (Ratkowsky, 1990), logistic
(Ratkowsky and Reedy, 1986), and Korf (Mehtatalo, 2004; Lumbres et al., 2011). The ChapmanRichards function has been used by Garmen et al. (1995) to assess the h-d relationship for 24 tree
species in Oregon, by Zhang et al. (2002) to evaluate Jack pine in Ontario, by Sharma and Parton
(2007) to model boreal tree species in Ontario, and by Jiang and Li (2010) to assess Larch spp. in
China. Alternatively, Larsen and Hann (1987) used the Monserud (1975) form to measure the hd relationship of tree species in Oregon, while Colbert et al. (2002) used it to evaluate 13
Midwestern hardwoods species.

An array of studies have also been conducted that compare the performance of multiple
h-d functions over a variety of stands. Huang and Titus (1992) assessed 20 nonlinear h-d
functions on Alberta tree species; Zhang (1996) tested six equations on 10 Pacific Northwest tree
species; Fekedulegn et al. (1999) evaluated the performance of nine equations on Norway spruce
during a thinning experiment; and Hanus et al. (1999) used the Chapman (1967), Krumland and
Wensel (1988), and Chapman-Richards models to evaluate the h-d relationship of trees in the
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Pacific Northwest. Temesgen et al. (2006) tested the predictability of the Chapman-Richards,
Larson and Hann (1987), Ratkowsky (1990), and Weibull forms. Rijal et al. (2012) used the
Curtis (1967) and Wycoff et al. (1982) functions on 15 tree species in the Acadian Region, while
Zhang et al. (2014) tested six h-d functions to estimate height of Chinese fir.

However, the majority of the aforementioned studies have been applied in natural forests
with relatively homogenous and even-aged stands. Currently, the author is aware of only a few
studies that apply the h-d relationship to urban forests. Nowak (1990) used a regression analysis
to determine the h-d relationship of three maple spp. in Syracuse and Rochester, New York.
Specifically, the author tested if the h-d relationship would be the same for all species, if the
better fitting equation would be linear or quadratic, and whether the regression outcome differed
between a Syracuse and Rochester urban forest. Nowak (1990) found the better fitting model
was quadratic and that each of the three maple spp. responded quite differently in both
environments. Additionally, the study found significant height variation in larger diameter
Norway and silver maples due to differences in pruning practices and utility wire placement at
both cities. Varges-Larreta et al. (2009) sought to develop an equation that would adequately
describe the h-d relationship of a mixed, uneven-aged stand in Mexico using seven generalized
h-d functions as a baseline. They found Sharma and Parton’s (2007) function, which uses dbh,
quadratic mean diameter, and dominant stand height as independent variables, to be the best
fitting. Alternatively, Zhao et al. (2012) wanted to test the predictability of a national model
(Jenkins et al., 2003) to a regional model (e.g., those provided by the USFS Forest Inventory
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Analysis program) by comparing field data to LiDAR derived tree metrics; they also investigated
how the equations themselves influenced the outcome of LiDAR predictions via regression
analysis. The authors found the regional model produced a higher R2 of 0.79.

Traditional dbh measurements have been a cost effective and easily obtainable field
metric when compared to tree height. Although the previously mentioned functions have largely
been applied to predict tree height given dbh, they can also be transformed to predict dbh from
tree height. This proves advantageous to cities with access to LiDAR, as it can readily be used to
extract tree height values from georeferenced point clouds. However, LiDAR scans of large
areas may have limited resolution (points per square meter), and so while tree height may be
calculable, tree diameter may not be. In these cases, allometry can be used to derive diameters
from LiDAR-derived height measurements.

3.0 STUDY AREA/METHODS
Tree height is one of the most fundamental units of information obtained in a forest
survey, and a critical element of the quantitative assessment of forest metrics (Anderson et al.
2006). While manual surveys provide valuable information regarding tree health, species
composition, and spatial distribution, they are expensive, time consuming, and limited by human
resources. This proves problematic for large cities with thousands of trees. To maintain urban
forests and maximize their benefits, surveys are often performed manually. Automatable
techniques using LiDAR data and aerial orthoimagery have the potential to provide similar
metrics over larger areas, more rapidly, and at lower cost. However, much of the work using
LiDAR has primarily been focused on natural forest management, where techniques are often
applied to generate aggregate measures (e.g., canopy volume) rather than a description of
individual trees. With urban forestry becoming a significant focus during the 21st century,
LiDAR has the ability to provide cost effective tree monitoring services in cities still utilizing
traditional surveying techniques (Plowright et al., 2015).

The purpose of this study was to develop an easily implementable and accurate algorithm
to estimate tree height of urban parkway trees using airborne LiDAR, and to use those estimates
to drive predictions of tree diameter. To accomplish this, several steps were required for the
culmination of this study (Fig. 2). A previous tree survey (1996) was first manually corrected
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Process began with two prior
roadside tree surveys for the City
of DeKalb

Repaired and updated a roadside
tree database using orthoimagery

Used LiDAR to estimate heights
of new and existing trees

Estimated diameters using
allometric equations

Produced an algorithm that could
be used to supplement manual tree
surveys in an urban environment

Figure 2.

Flow diagram of overall steps involved in this study.

using current aerial imagery. This process involved updating locations using GPS and accounting
for 20 years of tree growth and mortality by removing and adding trees to the database. Two
study sites were established where standard field surveying techniques could be utilized to obtain
data on dbh, height, and species for comparison. LiDAR was then used to make height
predictions by following standard processing methods; the method was applied using a
combination of LAStools and ArcGIS. Several allometric equations were also utilized to predict
dbh given LiDAR derived height values. The performance of each algorithm was evaluated
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individually and the algorithms with the lowest RMSE were selected to update tree height and
dbh for the entire City of DeKalb, IL.

3.1 Site Description
This study was conducted in DeKalb, IL (41.93° N, 88.75° W), a city of approximately
44,000 residents, located 100 km west of Chicago (Fig. 3). The city was incorporated in 1856
and encompasses a total area of 38.4 square kilometers. DeKalb is within the glaciated region of
northern Illinois, a relatively flat region (mean slope 1.3%, SD = 1.2) with fertile loess derived
soils. Normal climate conditions for this region (1981-2010) include an average annual
precipitation of 93.9 cm and an average mean air temperature of 9.1 °C (NOAA, 2015). The
local climate supports both conifers and deciduous species; predominate tree species include
maple (Acer spp.), honey locust (Gleditsia triacanthos), and ash (Fraxinus spp.).
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Figure 3.

Great Lakes region with location of DeKalb, IL.

3.2 Discussion of Previous Surveys
Since 1996, the City of DeKalb has conducted two parkway tree surveys to partially
quantify urban forest structure and composition. The first survey was performed in 1996 and
contained information on tree location (acquired via GPS), genus, species, dbh, and height.
However, all tree coordinates captured in the 1996 survey were affected by Selective
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Availability1, the intentional reduction in accuracy that was stopped in 2000. GPS coordinates
acquired during this time period had reported accuracies of 90 meters (faa.gov); visual inspection
of the 1996 coordinates overlaid on digital orthophotos corresponds to that estimate (Fig. 4). A
second survey conducted in 2010 was performed to assess the health and infestation rate of all
ash trees, and only contained location and qualitative information about city ash trees (i.e., no
estimates of heights or dbh). This second survey was used to identify trees that required
immediate removal, future removal due to potential safety concerns, or emerald ash borer
treatments. While both surveys are useful, the composition, structure, and location of DeKalb’s
urban forest has changed considerably over the last 20 years – this has compelled the city to
update their urban tree database. In 2014 the city partnered with Northern Illinois University to
accomplish this task using a variety of traditional and non-traditional surveying techniques.

1

Selective Availability is the intentional reduction in GPS accuracy before 2000 and was used as a tool by the U.S.
government for enhancing national security.
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Figure 4.

Spatially inaccurate 1996 tree data points.

3.3 Survey Data Correction
The initial phase of this study addressed the ~6,000 GPS points from the 1996 tree survey
that were no longer spatially accurate when superimposed on modern orthoimagery. This process
began by merging both 1996 and 2010 surveys to a single file with a single-pass removal of
duplicate trees. Using Google Maps and the National Agriculture Imagery Program orthoimages
as basemaps, and Google Street View as a corroborating source, spatial locations of tree points
were corrected by inspection. All data points first had to be adjusted using current orthoimagery
by manually dragging points to the assumed nearest tree (Fig. 5). Any trees that had been
removed within the last 20 years were then deleted from the database. Newly planted trees that
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were not in the database were then added to the register based on 2015 aerial imagery and
inspected via Google Street View. Overall, the process of spatially adjusting the data points,
deleting trees no longer present, and adding newly planted trees to the database (n = 7,971 trees),
took approximately 64 hours to perform.

Figure 5.

Manually corrected tree data points: 1996 (yellow) and corrected (red)
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3.4 Sampling Area
During the second phase of this study, a manual survey was conducted within the DeKalb
city limits that would later be used to validate LiDAR height and dbh predictions. In the summer
of 2015, information on a tree height, dbh, and species identification were obtained. Height
values were recorded for all roadside trees at both Sites using a LaserAce 2 hypsometer during
leaf-on conditions. To validate hypsometer accuracy, 10 urban tree heights were measured using
a Total Station Survey3 while fixed to a tripod in a stationary position (hypsometer RMSE = 0.70
meter). Diameter at breast height measurements were also recorded at 1.4 m above the ground
for all trees (dbh >5 cm) using a standard diameter measuring tape.

Within the City of DeKalb two sites were sampled to represent a range in tree structure
and composition (Fig. 6). Site 1 consists of DeKalb’s historical districts, downtown area, and
well-established neighborhoods. This site was chosen based on several factors: it is conveniently
located within walking distance from Northern Illinois University; it contains historical
significance to the city, and therefore, that current data on species, height, and age would prove
useful for long-term documentation of growth rates; and, this site represents one of the city’s
most complicated urban environments with respect to canopy structure and composition.
Predominant tree species at Site 1 include ash (Fraxinus spp.), Norway maple (Acer

2

http://site.geosolution.com/mdl.htm

3

http://precisionmidwest.com/index.php
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platanoides), silver maple (Acer saccharinum), and sugar maple (Acer saccharum) (Fig. 7). Tree
spacing in Site 1 is relatively consistent (Fig. 8). In total, 710 trees were sampled at Site 1. Mean
tree height is 13.40 m (SD = 4.70), and ranges between 0.61 and 24.05 meters. Mean dbh at Site
1 is 0.49 m (SD = 0.27), and ranges between 0.05 and 1.52 meters.

Figure 6.

Location of Northern Illinois University (triangle) and two study sites in DeKalb,
IL.
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Figure 7. Dominant tree species at Site 1

Figure 8. Google Street View images of Site 1
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Alternatively, Site 2 encompasses the more recently developed areas of DeKalb (early
2000’s). This site was chosen based on the limited selection of DeKalb neighborhoods that
contain a relatively younger cohort of trees with evenly defined spacing (Fig. 9). Dominant tree
species include Norway maple (Acer platanoides), silver maple (Acer saccharinum), and honey
locust (Gleditsia triacanthos) (Fig. 10). In total, 325 trees were sampled at Site 2. Mean tree
height is 6.50 m (SD = 1.66) and ranges between 1.77 and 12.52 m. Mean dbh at Site 2 is 0.16 m
(SD = 0.07), and ranges between 0.06 and 0.44 meters.

Figure 9.

Street view of Site 2
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Dominant tree species at Site 2

3.5 Extraction of Tree Height
3.5.1 Scanning data

The third phase of this study involved processing LiDAR to estimate tree height using
LAStools (v.150803), a type of LiDAR processing software needed to classify point cloud data
and produce raster descriptions of the area (e.g., DSM, DTM, DCM). LAStools was selected
because it is a relatively inexpensive, open-source LiDAR processing software package widely
used in research, and is therefore accessible to local governments and organizations that may
wish to utilize my methods. ArcGIS ModelBuilder was used to automate several stages of the
process using the LAStools - ArcGIS Toolbox functionality. The LiDAR scans were performed
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by Sanborn Map Company in June, 2009 at a flying altitude of 1400 m, a speed of 120-140
knots, and an average point spacing of 1.2 meter. A raw LiDAR point cloud was generated in
Illinois State Plane East with points classified as either ground or non-ground (buildings,
vegetation, etc.). LiDAR processing first began by reprojecting to Universal Transverse Mercator
(UTM), clipping all LiDAR hits within the city limits, and combining them to a single, more
manageable tile. Although ground/non-ground points were already classified by Sanborn Map
Company using TerraScan, points were reclassified as ground/non-ground using lasground (one
of many modules/functions of LAStools) to homogenize the tested algorithms. This was
performed to isolate the processing capabilities of LAStools from beginning (raw point data) to
end (CHM). Elevation values were also normalized during ground classification in four
algorithms; the fifth algorithm utilized non-normalized ground returns. Normalization was
performed in lasground by selecting the “replace z” option and used to expedite data analysis by
simplify the overall algorithm; this option is intended to circumvent additional steps necessary
for the generation of a CHM. 1000 m tiles, with 10 m buffers, were then created to handle
memory limitations and minimize edge effects using lastile.

The algorithms tested used either a gridded (GRID), triangulated irregular network (TIN),
or a combination TIN/GRID based approach to produce several DSMs/DTMs. Two peerreviewed “pit-free” algorithms, developed by Koshravipour et al. (2013) and Koshravipour et al.
(2014), were applied to the study area to establish a baseline for height predictions. For both pitfree algorithms the authors included a set of specific step and kill parameters they chose that
would produce a CHM with the lowest error. The kill function used in these algorithms, by
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default, do not rasterize triangles of a TIN based raster whose edges are longer than 100 meter.
This essentially omits distant pixels, which may have otherwise been averaged during
classification, from densely packed clusters. Alternately, step refers the overall resolution of the
CHM; a lower step value equals higher image quality. Because the author’s parameters were
derived from full-waveform LiDAR, I chose to test unique step and kill values most suited to
discrete LiDAR with an average point spacing similar to DeKalb’s LiDAR (1.2 points/meter)
(Table 2). Both pit-free methods described by Koshravipour et al. (2013) and Koshravipour et al.
(2014) required the creation of a CHM by dropping points below specified elevations values and
gradually building up the canopy (i.e. drop z values below 5, 10, 15, 20, and 25 meters); this
produced layers that would eventually become merged to create a final DSM. My methods
simplified this process by retained only first returns using the TIN based approach (blast2dem) or
maximum returns using the GRID based method (lasgrid).

Table 2
LiDAR Processing Algorithms with Tested Parameter Combinations: “Step size” refers to the resolution of the raster or image;
“buffer” is the radius from the tree point that will be used to determine the boundary when applying zonal statistics ; “fill” is used to
fill empty cells with values from nearby cells; “return” refers to LiDAR hits retained from each laser pulse; “zonal” are the pixel
values used to predict tree height, in this case maximum values were retained for each algorithm; “subcircle” replaces each LiDAR
return by a circle with a specified radius; and “kill”, by default, does not rasterize triangles of a TIN based raster whose edges are
longer than 100 meter.

Canopy height model

Tool

Step size
(m)
1

TIN

blast2dem
2

1
GRID

lasgrid
2

Buffer
(m)
2
3
4
2
3
4
2
3
4
2
3
4

Fill
(m)

Return

Zonal

Subcircle
(m)

Kill
(m)

-

first

max

-

-

5

highest

max

-

-

(continued on following page)
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Table 2 (continued)
Canopy height model

Tool

Step size
(m)

Buffer
(m)

Fill
(m)

Return

Zonal

Subcircle
(m)

Koshravipour et al. (2013)

blast2dem/lasgrid

1

3

-

highest

max

-

Koshravipour et al. (2014)

lasthin/las2dem/lasgrid

1

3

-

highest

max

Non-normalized method

lasgrid

1

3

5

highest/lowest

max/mean

0.1
0.1
0.1
0.1
-

Kill
(m)
1
1.5
2
2.5
1
1.5
2
2.5
-
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Height extraction was then performed in ArcGIS using a combination of various buffers
sizes in conjunction with Thiessen polygons and zonal statistics. To obtain height predictions,
pixel values were isolated by selecting a specific buffer size and intersecting it with Thiessen
polygons to prevent boundary overlap (Fig. 11). For all normalized height rasters, maximum
pixel values were retained and joined to the original shapefile. For the non-normalized raster,
maximum pixels values were retained to produce a DSM while mean pixel values were retained
for the DTM (minimum pixel value could also be used to represent the lowest point, however,
mean was used in this scenario to adjust for minor inconsistencies that may be occurring within
the terrain); the DTM was subtracted from the DSM and joined to the original file.

Figure 11.

Image of (a) tree points with buffer, (b) tree points with Theissen polygons, and
(c) trees points with buffer/Theissen polygon intersection.
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3.5.2 Regression analysis
An error assessment was executed to determine the accuracy of the LiDAR height
predictions using R2 and RMSE values. Tree points from 2015 not present in 2009 first needed to
be manually flagged and omitted from regression analysis. This involved plotting current tree
height with LiDAR predicted heights in ArcGIS and identifying outliers using 2015 Google
aerial imagery or 2007 Google Street View. No Street View imagery is available for 2009, and
therefore, had to use 2007 imagery to confirm if trees were present in 2009. All trees in the
database were initially coded as “1”. If trees were present in 2007 they were marked “2”, if not
present in 2007, they were marked as “0” and omitted from analysis. A nonlinear regression was
performed on each algorithm by comparing actual height values to LiDAR derived height.

3.6 Tree Allometry
Three allometric equations were analyzed using SPSS 4 to determine which function
would best fit the data and environment. The following equations were chosen based on their
performance and frequent presence in the literature: Chapman-Richards (1) (Huang and Titus,
1992), Korf (2) (Lumbres et al., 2011), and Weibull (3) (Zhang, 1997). Each form was initially

4

http://www-01.ibm.com/software/analytics/spss/
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processed with dbh as the independent variable and later algebraically transformed to utilize
height as the dependent variable (Chapman - Richards (4); Korf (5), and Weibull (6)). Three
separate cohorts of parameters were generated and tested on equations (1-6): a set for the entire
sampling area, Site 1, and Site 2 (Table. 3). Additionally, an equation (7) was derived from the
overall dbh/height relationship for the entire sample of DeKalb trees. Dbh and height values
from the 2015 field survey were then used as inputs in each function with the specified
parameters. R2 and RMSE values were recorded for each dataset using a non-linear regression.

ℎ𝑡𝑡 = 1.3 + 𝑎𝑎 (1 − 𝑒𝑒 (−𝑏𝑏∗𝑑𝑑𝑑𝑑ℎ) )𝑐𝑐
ℎ𝑡𝑡 = 1.3 + 𝑎𝑎 ∗ 𝑒𝑒 (−𝑏𝑏∗𝑑𝑑𝑑𝑑ℎ
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Table 3.
Parameters Estimates for Allometric Equations

Function

Parameter
a
Chapman-Richards
b
c
a
Korf
b
c
a
Weibull
b
c

Site 1
20.44
1.99
0.94
37.41
0.74
0.50
20.54
2.01
0.96

Estimates
Site 2
13.71
2.50
0.87
83.14
1.74
0.25
14.27
2.35
0.90

All
20.13
2.25
1.09
40.00
0.79
0.50
19.91
2.25
1.06

4.0 RESULTS
4.1 LiDAR Predictions
Overall five CHM’s were tested on DeKalb’s urban forest using a variety of parameter
selections (summary results in Table 4). The results indicate minimal differences exist among
each algorithm with R2 values ranging from 0.68 to 0.80 and RMSE values ranging from 3.36 to
5.81 meter. The best performing algorithm was the GRID based method using a combination 1 m
resolution raster, 3 m buffer, 5 m fill, highest LiDAR returns, and maximum pixel values in
zonal statistics. A diagram of the GRID based method can be seen in Figures 12 and 13 (also
reference Appendix for LAStools algorithm). Alternatively, the non-normalized method
performed slightly inferior to the four normalized algorithms with respect to R2, however, it
outperformed both pit-free methods with respect to RMSE values. The best performing
combinations of Koshravipour et al. (2013), Koshravipour et al. (2014), and the GRID based
methods produced identical R2 values, however, both pit-free methods had higher RMSEs.
Overall it appears buffer size significantly influenced both R2 and RMSE values in the TIN and
GRID based algorithms. Results indicated that 3 meters was an optimal buffer size, and
therefore, was the standard for subsequent algorithms while further parameters were tested (i.e.
kill, subcircle, and step). Alternatively, kill size contributed to much of the variation seen in
RMSE values for both pit-free algorithms; however, there was minimal fluctuation in R2.

Table 4.
Results of LiDAR processing algorithms

Canopy height model

Tool

Step size
(m)
1

TIN

blast2dem
2
1

GRID

lasgrid
2

Koshravipour et al.
(2013)

blast2dem/lasgrid

1

Buffer
(m)
2
3
4
2
3
4
2
3
4
2
3
4

Fill
(m)

Return

Zonal

-

first

max

-

-

5

highest

max

-

-

3

-

Koshravipour et al.
(2014)

lasthin/las2dem/lasgri
d

1

3

-

Non-normalized
method

lasgrid

1

3

5

highest

highest

Subcircle
(m)
Kill

max

-

max

0.1
0.1
0.1
0.1

1
1.5
2
2.5
1
1.5
2
2.5

-

-

highest/lowest max/mean

R
0.78
0.79
0.78
0.68
0.75
0.75
0.8
0.8
0.78
0.75
0.8
0.77
0.79
0.79
0.8
0.8
0.74
0.8
0.8
0.8

RMSE
(m)
4.13
3.86
3.8
5.81
4.65
4.45
3.52
3.36
3.41
4.32
3.38
3.49
3.84
3.79
3.74
3.74
4.66
3.8
3.66
3.66

0.78

3.53

2
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Figure 12.

Figure 13.

ModelBuilder diagram of LiDAR processing algorithm

ModelBuilder diagram of height extraction algorithm
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Results also indicate the GRID based method was significantly more accurate at Site 1
(Fig. 14) compared to Site 2 (Fig. 15). At Site 1 many of the trees with height values between 2.5
to 15 m are being over predicted by LiDAR while a large portion of trees between 2.5 to 10 m
are also being under predicted. Overall height predictions at Site 1 produced a curvilinear
relationship (R2 = 0.67). Alternatively, Site 2 contains a significantly younger cohort of trees and
consequently represent <50 % of the overall sample. LiDAR predictions at Site 2 produced an
overall R2 of 0.30. Trees at Site 2 range in height from approximately 2.5 to 12 m with many of
the younger trees being grossly underestimated by LiDAR. When both sites are analyzed as a
combined sample the R2 relationship increases to 0.80 (Fig. 16).

30.00
R² = 0.6703
2015 Height (m)

25.00
20.00
15.00
10.00
5.00
0.00
0.00

Figure 14.

5.00

10.00
15.00
20.00
2009 LiDAR (m)

25.00

30.00

Results of grid-based LiDAR processing algorithm for Site 1.
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30.00
R² = 0.3041
2015 Height (m)

25.00
20.00
15.00
10.00
5.00
0.00
0.00

Figure 15.
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15.00
20.00
2009 LiDAR (m)

25.00

30.00

Results of grid-based LiDAR processing algorithm for Site 2.

30.00
R² = 0.7996
2015 Height (m)
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15.00
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Figure 16.
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15.00
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2009 LiDAR (m)

25.00

30.00

Results of grid-based LiDAR processing algorithm for Site 1 and 2.
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4.2 Allometry
The roadside trees surveyed for this study revealed a strong relationship (R2 = 0.85)
between dbh and tree height (Fig. 17). Site 1 contains 626 of the overall trees surveying in
DeKalb and is therefore predominantly influencing the results seen in Figure 16; Site 1 also
contains a broad distribution of height and dbh that widens considerably as growth rates increase.
Several outliers are also influencing the results at Site 1 that occur between the 15 to 25 m height
ranges (Fig. 18). Alternatively, a sample of 259 younger trees at Site 2, with a much narrower
age range, accounts for a smaller portion of the overall results. This has produced a lower R2 of
0.65 (Fig. 19).
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1.40

R² = 0.8462

DBH (m)

1.20
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Figure 17.
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30.00

Regression of 2015 tree height and dbh for both Site 1 and 2.
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DBH (m)
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Figure 18.
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Regression of 2015 tree height and dbh for Site 1.
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Figure 19.
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Regression of 2015 tree height and dbh for Site 2.
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Overall there was minimal, if any, variation in R2 and RMSE values between the three
allometric functions when comparing the accuracy of height and dbh predictions (Table 5).
When Site 1 was analyzed independently, Korf outperformed both Chapman-Richards and
Weibull at predicting dbh by only a few hundredths of a meter. At Site 2 all equations performed
identically with respect to R2 and RMSE when predicting dbh and height. Site 1 and Site 2
revealed lower R2 values and larger RMSE with respect to height and dbh when compared to the
entire sample. When both sites were analyzed as one sample, Korf outperformed both ChapmanRichards and Weibull at predicting dbh with a RMSE of 0.19 meter. However, the equation I
derived based on 2015 sample tree height and dbh data (titled “DeKalb”) outperformed all
functions at predicting dbh with respect to R2 and RMSE. The DeKalb equation was therefore
selected as the function I will use to update dbh for the entire city given LiDAR derived height
values.
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Table 5.
Results of Allometric Equations
Sample Site

Function
Weibull

1

Chapman-Richards
Korf
Weibull

2

Chapman-Richards
Korf
Weibull

All

Chapman-Richards
Korf
DeKalb Sample

Prediction
height
dbh
height
dbh
height
dbh
height
dbh
height
dbh
height
dbh
height
dbh
height
dbh
height
dbh
dbh

R2
0.73
0.69
0.73
0.69
0.73
0.69
0.65
0.65
0.65
0.65
0.65
0.65
0.85
0.82
0.85
0.82
0.85
0.83
0.85

RMSE (m)
2.39
0.27
2.39
0.25
2.39
0.24
1.00
0.05
1.00
0.05
1.00
0.05
2.12
0.20
2.12
0.25
2.13
0.19
0.13

5.0 DISCUSSION
This study tested a variety of CHMs using various parameter combinations and found the
GRID based algorithm outperformed both pit-free, non-normalized, and TIN based methods.
Based on the results, LiDAR can reasonably estimate tree height in a complex urban
environment (R2 = 0.80; RMSE = 3.36 m) and further utilized those estimates to predict dbh
using an allometric equation. The results indicate that a simple regression can be used to estimate
dbh from tree height more accurately than three common equations taken from the literature (R2
= 0.85; RMSE = 0.13 m). Overall, LiDAR more accurately predicted tree height at Site 1
compared to Site 2. This was most likely due to the younger composition of trees found at Site 2
that have experienced enhanced growth rates since the LiDAR scan in 2009; a result of street
trees with minimal competition, greater spacing, and greater access to soil, water, and light levels
(Kimmins, 2004; McHale et al., 2009). However, younger trees at Site 2 are also more
susceptible to higher mortality rates during their establishment period (Richards, 1979). As a
result, this LiDAR processing algorithm may be more appropriate for urban environments with
mature urban forests.

DeKalb, IL represents a typical urban environment with respect to heterogeneity, species
distribution, structure, and composition, and therefore, differs greatly from natural forests.
Perhaps the most notable attribute of the urban forest is the anthropocentric component, which
requires that humans continually modify it to meet their functional needs. Urban forests are
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uniquely susceptible to safety concerns (pruning/removal) and subject to unregulated planting
and removal by city residents. Trees in urban forests have previously shown to have short
lifespans that range in age from 7 – years (Moll, 1989), 13 – years (Skiera and Moll, 1992), 15 –
years (Nowak and et al., 2004), to 19 – 28 years (Roman and Scatena, 2011). Furthermore, many
cities across the U.S. are currently addressing the massive infestation and die off of all ash trees
(emerald ash borer); thus requiring immediate removal and/or treatment. As such, these factors
combined make for a very challenging environment to apply remote sensing techniques.

The general goal of this study was to establish a non-traditional tree surveying method
that city managers/planners could use for urban management purposes. A caveat to this method
is the requirement that a trees location has already been established using either field data (via
GPS) or via orthophoto / Street View inspection. Several tree detection studies have been
performed in the literature (Kwak et al., 2007; Edson and Wing, 2011; Zhang and Qui, 2012;
Unger et al., 2014; Zhang et al., 2015) and would prove useful for management and surveying
purposes; however, this study sought to determine if LiDAR could be used as an effective
predictor for tree height; as such, I sought to isolate error due to height and diameter estimate,
and exclude error associated with location estimation. This study also did not attempt to replace
the process of field work entirely; rather, it sought to create a method that could be used as a
supplemental tool to save time, money, labor, and the frequency with which an urban tree survey
may require updating. My method expedites the process of dbh and tree height collection with a
known error. Although orthophotos were utilized to update the DeKalb tree database and
circumvent the process of GPS location, error still existed due to time lapse in orthoimagery and
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user error. Moreover, imagery detail required to determine species and genus limits the
capabilities of Google Street View, in addition, the frequency of these scans may also prevent
accurate assessments remotely. Prior research has focused on the use of hyperspectral imagery
to map urban tree species (Voss and Sugumaran, 2008; Alonzo et al., 2014; Zhang et al., 2015).

5.1 Tree Height Estimation Error
Many of the previous studies utilized LiDAR to update urban tree metrics for modeling
purposes, stem detection, or species identification purposes by fusing it with other remote
sensing technologies. The literature is scarce concerning LiDAR studies that have solely reported
tree height estimations in urban environments, and therefore, have compelled the author to link
the results to both urban and natural forests. The results are quite comparable to previous studies
with respect to R2 values, however, RMSE values are slightly larger than frequently reported.
Although both statistics are used in the literature to measure the accuracy of LiDAR predictions,
R2 values for this study revealed minor variation; as such, RMSE was used as a surrogate for
selecting the best performing algorithm.

A wide range of LiDAR results have been documented in the literature that attribute their
overall height predictions to a variety of factors. Many studies in urban environments commonly
report RMSE values in the 1 m range (Shrestha and Wynne, 2012; Tanhuanpaa et al., 2014;
Zhang et al., 2015) and as high as 7.74 to 9.31 meter (Unger et al., 2014). Alternatively, LiDAR
studies in natural forests have reported RMSEs of 0.63 m (Persson et al., 2002), 1.13 to 1.35 m
(Kwak et al., 2007), 0.38 m (Maltamo et al., 2009), and 0.71 m (Bandyopadhyay et al., 2015).

59

Much of the reported error encountered in urban forests has regularly been attributed to
interference by “non-tree” objects such as power lines, wires, and street lights being
misrepresented by LiDAR as tree tops; this appears to predominately affect shorter trees
(Tanhuanpaa et al., 2014). Further studies indicate that hypsometers have been known to
introduce error through equipment inaccuracy or a user’s inability to correctly identify treetops
(Edson and Wing, 2011); LiDAR, in general, may also be more accurate than measurements
taken in the field using laser range finders (Lim et al., 2003a). However, many of the studies
outlined in this manuscript indicate LiDAR notoriously under estimates tree height in conifers
due to their conical crowns and less pronounced leaf tips – which laser beams often miss. While
both study sites contain a very small portion of conifers, this is unlikely to have had a significant
impact on the results. Lastly, ground terrain has also been known to introduce error into
normalized DSM results, however, the topography in DeKalb is relatively flat (mean slope 1.3%,
SD = 1.2) and so significant error stemming from ground identification is likely minimal.

The DeKalb sample is represented by two very different environments with respect to
structure and composition, and therefore, error may be attributed to different sources. Site 1
contains a broad age demographic comprised of young saplings to mature trees with wellestablished canopies. Most of the error that occurred at Site 1 exists within the <15 m cohort and
may be a result of two factors: smaller trees that are being encroached upon by mature
neighboring trees (Fig. 20) or influenced by “non-tree” objects. As such, the buffer analysis
performed using maximum zonal statistics at Site 1 is detecting pixel values of large trees rather
than the intended canopy of nearby younger trees. The apex of mature trees at Site 1 may have
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also been misrepresented during field sampling due to canopy density and accessibility (Fig. 21).
This problem is non-existent at Site 2, which contains a much younger, more evenly spaced
population, void of the “non-tree” artifacts witnessed at Site 1 (Site 2 contains underground
power lines). Theoretically the LiDAR results at Site 2 should have outperformed Site 1 as trees
are evenly spaced and contain little, if any, nearby obstructions. This segues into the primary
concern – the 2009 LiDAR.

Figure 20.

Large tree (left) encroaching on nearby smaller tree (right) at Site 1.
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Figure 21.

Canopy congestion at Site 1.

The results of this six year time lapse are especially evident at Site 2 where younger trees
are experiencing faster growth rates, and as a result, being grossly under predicted by LiDAR;
alternatively, trees are be too small or too thin for the LiDAR to detect. This is especially evident
for trees that were measured in 2015 with heights between 1 to 10 m and are being estimated by
2009 LiDAR as <1 meter (Fig. 22). I also had to manually check trees that were flagged as
suspicious in the regression using Google Street imagery from 2007 (no Street View imagery for
2009). Although two years is a minimal amount of time with respect to growth, death, and
removal rates, it is still worth considering as a contributor to error.
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Figure 22.

Changes in trees height/shape from 2007 (top) to 2013 (bottom).
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5.2 Allometry
Overall the three allometric equations produced similar results. The author is not aware of
any studies that have transformed such functions to estimate dbh given height values (height is
usually the targeted predictor), as such, the success of these equations can only be compared to
previous studies that have utilized them for their intended purpose of predicting tree height.
Generally the equations performed well. Previous studies have reported accuracies for Chapman
– Richards of 2.82 to 5.65 m (Zhang, 1997), 1.6 m (Temesgen et al., 2006), and 1.16 m (Zhang et
al., 2014); for Korf of 2.36 – 3.30 m (Lumbres et al., 2011); and for Weibull of 2.81 to 5.65 m
(Zhang, 1997), 2.7 to 3.0 m (Temesgen et al., 2006), and 1.16 m (Zhang et al., 2014). Although
each equation performed well, the standard regression appears to have predicted dbh and height
more accurately than the three functions and will therefore be used when updating the entire
DeKalb tree dataset.

5.3 Management Implications
This study has provided several management implications for urban forests that may
serve as a valuable tool when assessing future structure and composition. A significant problem
often faced by city managers is creating an up – to – date tree database containing current
information on location, density, species, height, and dbh. This has frequently been limited by
cost and resource availability. My algorithm provides cities with a cost effective tool that can be
used to assess the health and ages of all roadside trees, in addition to decreasing the frequency a
manual tree survey needs to be performed. For instance, if a city is in the practice of conducting
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manual surveys every 10 to 15 years, this method provides a supplemental option that can be
used to gather information on tree metrics during “off” years between manual surveys – this of
course requires cities have access to current LiDAR. Further benefits include dbh predictions
from allometric equations that may be used to provide cities with a list of aging trees most
susceptible to rot, disease, and hollowing out (Hinds, 1985; Waring, 1987); this could also be
used to increase public safety by closely monitoring dying/rotting trees that pose a potential
hazard to city residents. Height values for trees located near or under power lines would also be
useful for maintenance purposes.

Although this method has shown to be a useful tool for saving cities time, money, and
resources, its application is not universal. This method performed well in DeKalb’s urban
environment, however, it appears to have been more effective at Site 1. This study was
conducted in a relatively flat region of the Midwest that predominately consists of deciduous
species. DeKalb is void of modern skyscrapers and represented by a smaller bucolic downtown 1.
The ideal application of this algorithm would be a city with relatively uniform topography
consisting of similar deciduous tree species with a broad age distribution. This is not to say this
method would not perform equally well in a more densely populated city or dissimilar
environment, however, I have not tested this claim and therefore cannot not make this
assumption. This method may also not be practical if a city has access to vast resources (i.e.
skilled volunteers, ample funding), is a relatively smaller community, or predominately

1

According to the U.S. Census Bureau, DeKalb, IL is considered an urbanized area.
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composed of newly planted trees and access to outdated LiDAR. Consequently, if Site 2 was
representative of DeKalb’s entire urban forest, this method could not have been effectively
applied given the degree of error associated with young trees, fast growth rates, and thin
diameters of trees evading detection by LiDAR.

5.4 Future Work
This study was the first for the City of DeKalb, and therefore, paves the way for a
plethora of future studies. First and foremost tree heights should be reassessed when a current
scan of the city is available in order to improve height predictions and further assess the error.
However, any future LiDAR studies will also be limited by cost and scanning frequency.
Northern Illinois University is currently in the process of acquiring roadside scans of Site 1 using
mobile terrestrial LiDAR. This may provide a more affordable option that could eventually be
paired with airborne LiDAR to minimize prediction error and supplement 2009 LiDAR until a
comprehensive airborne scan can be performed. This would be especially useful in areas where
airborne LiDAR is over predicting tree height due to large neighboring trees or where LiDAR
has failed to perforate the canopy. Prior studies have reported promising results when extracting
urban tree metrics using mobile or terrestrial LiDAR (Omasa et al., 2008; Holopainen et al.,
2011; and Holopainen et al., 2013). Stem detection, using watershed segmentation, could also
provide the city with a useful resource that could address the high urban tree turnover rates and
the costly and timely process of obtaining GPS data.

6.0 CONCLUSION
Overall I sought to streamline the laborious process of urban tree surveying for
management purposes. A gamut of algorithms were analyzed in this study to determine which of
these processes would best fit the data and environment. As such, several phases of research
were instrumental for the culmination of this study. I began by correcting an existing tree
database that was grossly outdated as a result of Selective Availability in early GPS data and 20
years of growth, death, removal, and planting. New trees were added to the database using
orthophoto and Street View inspection and a field sample was performed on approximately 1,000
trees where information on dbh, height, and genus/species were obtained. LiDAR estimations
were made using a variety of algorithm and parameter selections that were proceeded by a
regression analysis to determine which method produced the lowest error; several allometric
equations were then applied to the sample. It was determined the GRID based method, with
recommended parameters and paired with a simple linear equation, could be used by city
managers in a similar urban environment. Considering the heterogeneity of DeKalb’s urban
environment, in addition to the 2009 LiDAR scan, I feel the LiDAR predictions performed quite
well given the circumstances. Future studies in the DeKalb area will explore the potential for
species identification and improve upon the results when an up to date LiDAR scan is available.
Although this study focused on a sample set of ~1,000 trees, a final product will eventually
consist of an up to date database for the entire city comprised of approximately 8,000 trees with
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information on GPS, height, and dbh estimations. Hopefully this study will provide cities in
similar urban environments with a low cost alternative to traditional tree surveys.
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LIDAR PROCESSING CODE
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